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Abstract Coupled general circulation model (GCM) biases in the tropical Paciﬁc are substantial, including
a westward extended cold sea surface temperature (SST) bias linked to El Niño–Southern Oscillation (ENSO).
Investigation of internal climate variability at centennial timescales using multicentury control integrations
of 27 GCMs suggests that a Paciﬁc Centennial Oscillation emerges in GCMs with too strong ENSO variability in
the equatorial Paciﬁc, including westward extended SST variability. Using a stochastic model of climate
variability (Hasselmann type), we diagnose such centennial SST variance in the western equatorial Paciﬁc. The
consistency of a simple stochastic model with complex GCMs suggests that a previously deﬁned Paciﬁc
Centennial Oscillation may be driven by biases in high-frequency ENSO forcing in the western equatorial
Paciﬁc. A cautious evaluation of long-term trends in the tropical Paciﬁc from GCMs is necessary because
signiﬁcant trends in historical and future simulations are possible consequences of biases in simulated
internal variability alone.
Plain Language Summary The tropical Paciﬁc Ocean exhibits natural climate variability on a wide
range of timescales, some of which are similar to the length of instrumental records (~100 years).
Characterizing natural cycles with periods of ~100 years is therefore important for detecting and attributing
human forced changes. Analysis of climate model simulations shows that a previously deﬁned 100-year cycle
in tropical Paciﬁc sea surface temperatures is the result of mismatches between the models and the real
world and therefore may not exist in reality. Our results show that a 100-year periodicity in the tropical Paciﬁc
Ocean is a robust feature of models with an erroneously strong El Niño pattern in the western Paciﬁc Ocean
including wind ﬂuctuations. We reveal the causes of 100-year cycles in the western Paciﬁc, which relies on
the ocean’s large thermal capacity to smooth out frequent short-term wind events into slower cycles. Our
study highlights the need for cautious interpretations of trends in the tropical Paciﬁc Ocean from climate
models due to these possibly spurious 100-year cycles, especially for attributing historical changes and
predicting future climate. If these model mismatches can be corrected, it may allow more accurate
predictions of El Niño and long-term trends over 21st century.
1. Introduction
The dominant inﬂuence of the tropical Paciﬁc on global interannual to centennial climate variability has moti-
vated considerable interest in exploring its response to anthropogenic forcing (Cai et al., 2015; Hua et al.,
2018; Karnauskas et al., 2012). On longer timescales, the variability of the tropical Paciﬁc is less well character-
ized due to the paucity of long observational records (e.g., Deser et al., 2004). As a result, long control simula-
tions from fully coupled general circulation models (GCMs) with constant external forcing remains a primary
means to study the low-frequency internal variability of the tropical Paciﬁc for climate change detection, attri-
bution, and model evaluation (e.g., Collins et al., 2001). Using the available long control runs from three
Coupled Model Intercomparison Project Phase 3 (CMIP3) generation GCMs, Karnauskas et al. (2012) charac-
terized a potential mode of internal climate variability over the tropical Paciﬁc, named the Paciﬁc
Centennial Oscillation (PCO), with impacts on the equatorial Paciﬁc zonal sea surface temperature (SST) gra-
dient (west-minus-east) of roughly a half a degree centigrade. Such a change is equivalent to estimated
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trends over the observational interval since approximately 1900 (Coats & Karnauskas, 2017). Karnauskas et al.
(2012) hypothesized a few possible implications of the PCO in GCMs, such as the impact of a possible coun-
terpart in nature, and also the possibility that the PCO in GCMs may be a spurious artifact of coupled models.
If the PCO is also present in newer-generation GCMs, then future trends projected by these GCMs may be
strongly controlled by the interplay between external forcing and internal variability at centennial timescales.
Regardless of whether the PCO has a counterpart in nature, it is thus important to consider the possible pre-
sence of the PCO when attempting to isolate forced changes from simulated internal variability in coupled
model simulations. This endeavor is critical because the nature of future changes in the tropical Paciﬁc, espe-
cially changes in SST and SST-driven atmospheric circulation anomalies, will impact the response of the
broader climate system to global warming, with subtle but important implications for regional hydroclimate
(Karnauskas et al., 2009; Seager et al., 2009; Seager & Vecchi, 2010).
Paleoclimate archives indicate that low-frequency variability in the tropical Paciﬁc may be more prominent
than implied by instrumental records (Cobb et al., 2003; Tierney et al., 2010). However, it is not well under-
stood how external forcing and internal dynamics generate variability at timescales greater than decadal
(Ault et al., 2013, 2018; Coats & Karnauskas, 2017; Coats et al., 2016). Earlier studies suggest decadal-to-
centennial variability may develop in GCMs as a residual of energetic interannual variability (Newman
et al., 2011; Wittenberg, 2009), resulting from slowly varying ocean-atmosphere interactions not associated
with the El Niño–Southern Oscillation (ENSO; Clement & Cane, 1999; Zebiak & Cane, 1991) or from determi-
nistic processes (Meehl & Hu, 2006; Wittenberg, 2009). Low-frequency variability in the tropical Paciﬁc even
arises from unforced atmospheric general circulation models coupled to a simple slab ocean (Clement
et al., 2011; Dommenget & Latif, 2008).
Tropical Paciﬁc climate variability on interannual timescales is dominated by ENSO (Philander, 2001;
Trenberth & Hurrell, 1994), which has broad societal implications (McPhaden et al., 2006). However, one of
the largest existing uncertainties in our understanding of the tropical Paciﬁc is the relationship between its
mean-state and ENSO (Cobb et al., 2003; Kim et al., 2014; McPhaden et al., 2011; Philander & Fedorov,
2003), in terms of ENSO dynamics, impacts, and predictability. Despite improvements in the simulations of
ENSO by GCMs, recent multimodel analyses indicate serious systematic biases in the simulated mean climate
(Capotondi et al., 2006; Guilyardi, 2005; van Oldenborgh et al., 2005), such as errors in simulating the equator-
ial Paciﬁc cold tongue and intertropical convergence zone (Li & Xie, 2014). The complex interactions between
thesemean-state biases and ENSO, together with GCM structural diversity, make it difﬁcult to unambiguously
diagnose deﬁciencies in simulating ENSO (Guilyardi et al., 2009). For instance, the state of the eastern equa-
torial Paciﬁc Ocean is closely related to ENSO; however, GCMs produce a cold tongue with a cold bias, includ-
ing a westward extension (e.g., Harrison et al., 2002; Karnauskas et al., 2007). This imposes a major obstacle to
the realistic simulation of tropical clouds, precipitation, and ocean-atmospheric coupling that are crucial for
representing ENSO dynamics.
In this study, we aim to evaluate whether the PCO remains a characteristic feature in all of the most recent
generation of GCMs. We also explore mechanisms that generate low-frequency variability in the tropical
Paciﬁc including those that may be related to systematic biases in coupled models that affect both the
mean-state and interannual variability. Despite common biases, many GCMs do show a diversity in ENSO
behavior in terms of amplitude, period, and spatial extension (Capotondi et al., 2015; Guilyardi et al., 2009;
Lemmon & Karnauskas, 2018), but an examination of the impact of such diversity on low-frequency variability
is not considered in the present study.
2. Models and Methods
We use preindustrial control runs from 26 CMIP5 models (Taylor et al., 2012) and the Community Earth
System Model (CESM) Large Ensemble Project (LENS) (Kay et al., 2015). These 27 GCMs were selected based
on the availability of control simulations spanning at least 500 years (Table S1 in the supporting information),
as our focus here is to detect and understand centennial-scale variability. We analyzed three output variables
from these model simulations: SST, surface zonal wind speed (u10), and ocean mixed layer depth (MLD). For
the CMIP5 models, we used surface skin temperature from the atmospheric component throughout; how-
ever, we refer to this as SST for brevity and because the surface temperature is nearly equivalent to SST, espe-
cially at longer timescales when surface ﬂuxes lead to sufﬁcient equilibrium along the atmosphere and ocean
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interface. Annually resolved data for all variables were analyzed over the tropical Paciﬁc, and these were
transformed into a common grid of 2.0° × 1.5° (however, 2.0° × 2.0° for MLD) using bilinear interpolation
before calculating any multimodel composite.
A leading empirical orthogonal function analysis of centennial-scale SST was used to identify the dominant
structures of centennial-scale variability in the tropical Paciﬁc (see Figure 5 in Karnauskas et al., 2012). We ﬁnd
that not all 27 GCMs exhibit a leading zonal dipole mode in centennial SST variability (Figure S1) that is char-
acteristic of the PCO as deﬁned by Karnauskas et al. (2012). Moreover, these GCMs show a diversity in the
longitudinal extent of SST variability in the equatorial Paciﬁc (Figures S2–S3), which is closely related to
ENSO variability. Given the range of characteristics, we categorized the models into two groups (a. Type 1
ENSO models and b. Type 2 ENSO models) based on the magnitude of boreal wintertime (December–
February, DJF) mean-state SST variability over the western equatorial Paciﬁc compared to 2 times DJF SST
values from observations, obtained from COBE SST version 2 (https://www.esrl.noaa.gov/psd/data/gridded/
data.cobe2.html; Figure 1a). This longitudinal reference point for categorization of the models is selected
based on a clear separation point among the SST variability proﬁles (Figure 1a) over the western equatorial
Paciﬁc. However, empirical testing indicates that our main conclusions are not sensitive to the selected long-
itudinal location (see Figure S4). More broadly, this choice was made to assess the impact of differences in the
tropical Paciﬁc mean-state and interannual variability on the simulation of centennial-scale variability, with-
out making prior assumptions about the spatial pattern and characteristics of such variability. Models with
higher SST variability on the equator than 2 times observed (0.88 °C) at 164°E are characterized as Type 1
ENSO models and the rest as Type 2 ENSO models (Figure 1a). The list of GCMs from these two groups with
model details are provided in Table S1; 9 and 18 models are found to be Type 1 and Type 2 ENSO models,
respectively. Compared to observations (Figure 1b), the composite spatial patterns of SST variability for
Type 1 ENSO models clearly indicate higher SST variability throughout the equatorial Paciﬁc, including west-
ward extension (Figure 1c). Type 2 ENSOmodels (Figure 1d) exhibit a longitudinal extension of SST variability
more similar to observations, implying more realistic ENSO variability in these models. The extension of high-
frequency SST variability up to the maritime continent in Type 1 ENSOmodels is suggestive of an injection of
high-frequency, largely stochastic variability in the Indo-Paciﬁc warm pool region, which likely has further
consequences for climate variability over the tropical Paciﬁc.
The simplest paradigm for characterizing climate variability deﬁnes the coupled ocean-atmosphere sys-
tem as a ﬁrst-order Markov process (red noise) in which internal climate variability increases in magnitude
at longer timescales due to the thermal inertia of the ocean and the associated reddening of a stochastic
input (Hasselmann, 1976). We use this approach (Hasselmann, 1976) to explore the generation of low-
frequency SST variability and the possible predictability of the PCO in the real ocean. The Hasselmann
(1976) model for a slab mixed layer model forced by atmospheric noise, is deﬁned by the following
equation
ρcH
dT
dt
¼ A λT (1)
where ρ, c, H, T, A, and λ denote the density of seawater, heat capacity of seawater, MLD, SST, white atmo-
spheric noise, and ﬁxed thermal damping parameter, respectively.
This simple model is a well-known paradigm for understanding ocean-atmosphere interactions by demon-
strating how low-frequency variability can arise because of the ocean integrating high-frequency, stochastic
atmospheric variability. In the speciﬁc case considered herein, annual equatorial wind stress variability serves
as the source of the high-frequency noise. In the original work of Hasselmann (1976), surface heat ﬂux was
used as the high-frequency noise A. The choice of surface variable is not critical, however, because as for
the purposes herein the variable is used only to deﬁne inter-model differences in the amplitude of the noise
forcing (Figure S5).
3. Results
To characterize the annual mean-state in the Type 1 and Type 2 ENSO models, we analyzed the composite
difference of mean SST ﬁelds in these model simulations. The climatology of the tropical Paciﬁc is character-
ized by strong zonal asymmetry, with an eastern equatorial cold tongue. Ocean-atmosphere interactions play
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a critical role in generating and maintaining this asymmetric feature despite zonally uniform and symmetric
solar radiation at the top of the atmosphere (Xie et al., 2007). Along the equator, the interaction of easterly
winds and the cold tongue is key for maintaining the zonal asymmetry (Sun & Liu, 1996). However, the
Type 1 ENSO models clearly indicate a cold tongue SST bias extending to the maritime continent unlike
Type 2 ENSO models (Figure 2a). The westward extent of this bias is colocated with a region of abnormally
high SST variability (Figure 1c) in these models, likely related to biases in ENSO variability. Therefore, in
Figure 1. Categorization of models based on boreal wintertime equatorial SST variability and spatial pattern of annual SST
variability (°C). (a) The standard deviation of equatorial (averaged over 2.5°S to 2.5°N) unﬁltered December-January-
February SST for Type 1 ENSO models (red), Type 2 ENSO models (black), observed SST (dashed blue line), and two times
observed December-January-February SST (solid blue line). Themodels are categorized into two groups with respect to the
equatorial reference point of 0.88 °C and 164°E (green vertical line = reference longitude); the standard deviation of
unﬁltered annual SST for (b) composite Type 1, (c) composite Type 2 ENSO models, and (d) observations. SST = sea surface
temperature; ENSO = El Niño–Southern Oscillation.
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Type 1 ENSO models there appears to be a close relationship between the mean bias in SST and ENSO, and
biases in u10 (Figure 2b). Speciﬁcally, analysis of u10 (Figure 2b) indicates stronger easterlies and thereby
intense westward surface currents in the eastern Paciﬁc in Type 1 ENSO models, implying a potential role
for the westward advection of cold surface water from the east to the maritime continent. Due to
stronger u10, MLD also becomes deeper in the central equatorial Paciﬁc in Type 1 ENSO models
(Figure 2c). These mean-state biases strongly alter ocean dynamical processes including equatorial
upwelling and eastward shoaling of the thermocline, both of which are necessary for a proper Bjerknes
feedback, and thus, these biases limit the skill of ENSO simulation in GCMs (e.g., Li & Hogan, 1999;
Timmermann et al., 2007).
While denoting mean-state biases in Type 1 models in Figure 2, we refer to the difference from Type 2 mod-
els, but not from the observations. Given the clear differences in the mean-state and ENSO variability in the
two types of models, we further explored the potential consequences of these biases for differences in the
simulation of low-frequency variability. Type 1 ENSO models exhibit notable centennial-scale variability over
the western Paciﬁc (Figure 3c), which is absent in Type 2 models (Figure 3d). The highest amplitude
centennial-scale SST variability (after 90 years low-pass ﬁltering) in Type 1 ENSO models is colocated with
the highest amplitude of high-frequency u10 ﬂuctuations over the western equatorial Paciﬁc (Figures 3a
and 3c). In contrast, there is no such association in Type 2 ENSO models (Figures 3b and 3d). These results
suggest that a westward extended cold tongue and ENSO variability bias may produce centennial-scale varia-
bility in the tropical Paciﬁc.
We hypothesize that the centennial-scale SST variability in the western Paciﬁc (Figures 3a and 3b) in Type
1 ENSO models results from the integration of the erroneously large u10 variability (Figures 3c and 3d),
following the Hasselmann mechanism (Hasselmann, 1976). As the amplitude of u10 variability is signiﬁ-
cantly less over the western Paciﬁc in Type 2 models, SST variability (Figure 3d) at the centennial time-
scale is relatively weak.
Figure 2. Composite annual mean-state difference between two types of models (Type 1 and Type 2 El Niño–Southern
Oscillation models). Unﬁltered annual ﬁelds for (a) sea surface temperature (°C), (b) surface zonal wind speed (m/s), and
(c) mixed layer depth (m).
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Figure 3. Association of high-frequency u10 with low-frequency SST. Composite standard deviation of (a, b) high-fre-
quency (10-year high-pass ﬁltered using Lanczos ﬁlter) u10 (m/s) and (c, d) low-frequency (90-year low-pass ﬁltered
using Lanczos ﬁlter) SST (°C). Type 1 ENSOmodels are shown in panels (a) and (c) and Type 2 ENSOmodels in panels (b) and
(d). For reference, an observational estimate of (a) and (c) are given in Figure S7, albeit based on the relatively short
instrumental record. u10= surface zonal wind speed; SST = sea surface temperature; ENSO = El Niño–Southern Oscillation.
Figure 4. Prediction of centennial-scale variability using the Hasselmann model: (a) observed December-January-
February (DJF) MLD (H) climatology (m), (b) amplitude of noise forcing (A) from u10 (W/m2), and (c) centennial spec-
tral power. The red and black curves in (b) and (c) indicate Type 1 and Type 2 ENSO models, respectively. The amplitude
of noise forcing is multiplied by a scale factor of 25. The observed MLD climatology is based on 0.2 °C temperature
difference data available from http://apdrc.soest.hawaii.edu/datadoc/mld.php. MLD = mixed layer depth; u10=surface
zonal wind speed; ENSO = El Niño–Southern Oscillation.
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To examine our proposed hypothesis for the generation of centennial-scale variability in the western Paciﬁc,
we applied a stochastic model of climate variability following Hasselmann (1976). To do so, we calculated an
exact analytical solution to the Hasselmann equation (see supporting information for the derivation). In the
case of Type 1 ENSO models, the ENSO variability extends westward enough to penetrate the warm pool,
implying injection of high-frequency, quasiperiodic and quasi-stochastic signals into the region. This results
in signiﬁcantly higher u10 variability over the western Paciﬁc in Type 1 ENSO models and by consequence
larger amplitude noise forcing to the Hasselmann model. Using longitudinal proﬁles of observed DJF clima-
tology of MLD (H; Figure 4a), and zonal wind stress variability as the amplitude of noise forcing (A; Figure 4b),
the models predict the structure and amplitude of the actual centennial variability of SST as a function of
longitude. The results clearly show how the centennial power doubles in the western equatorial Paciﬁc
(Figure 4c), where the Type 1 models have a bullseye of centennial SST variability (Figure 3c), but the Type
2 ENSO models do not. In other words, the Hasselmann model does indeed predict the PCO given the ampli-
tude of noise forcing. It is also noteworthy that the centennial-scale power (i.e., power spectral density or
PSD) in the Hasselmann model output increases by ~100% in the western Paciﬁc, despite the amplitude of
the noise being prescribed in that area only increasing by ~38%. As observed climatological MLD (H) is pre-
scribed for both types of models, the Hasselmann model demonstrates the impact of noise on centennial-
scale variability. This result supports the hypothesis that centennial-scale variability in GCMs (i.e., as exhibited
in Figure 3) emerges from high-frequency wind variability.
For additional conﬁrmation of our proposed hypothesis for the generation of centennial-scale variability in
the western Paciﬁc, Figure 5 shows the PSD at 10-, 20-, and 100-year timescales for varying noise amplitudes,
MLDs, and damping as well as the total SST variance that is produced. Intuitively, greater noise amplitudes
produce greater PSD at all timescales and thus greater total SST variance. This SST variance is damped by dee-
per MLDs, which decrease power at all timescales. Importantly, however, the impact of MLD is smaller for
longer timescales and has nearly no effect at the centennial timescales of interest, thus supporting the choice
to use observed MLD for all models in the analysis in Figure 4. By varying a range of MLD and noise amplitude
(which are the only things that can change in the Hasselmann model) in Figure 5, we also note that our set of
experiments is functionally equivalent to one experiment wherein state-dependent noise forcing is intro-
duced (Capotondi et al., 2018).
Figure 5. Power spectral density (PSD) from the analytical solution of the Hasselmannmodel for (a) 10-year, (b) 20-year, and (c) 100-year periods and (d) SST variance
for different damping parameters. The horizontal axis shows the amplitude of noise forcing used in the Hasselmann model and the vertical axis the MLD. Greater
noise amplitudes producemore power at all timescales and thus greater SST variance, but the deeper MLD decreases power except once it reaches longer timescales
(i.e., centennial). Larger damping terms decrease both SST variance and centennial power. SST = sea surface temperature; MLD = mixed layer depth.
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While the curves describing the Hasselmann predicted centennial PSD in Type 1 and Type 2 models in
Figure 4b can be shifted up or down by changing the scaling of the noise forcing term (which is an estimate
and thus uncertain in the construction of our model), their relative difference will stay largely the same. We
cannot rule out the possibility that there are ocean dynamics or other physical processes contributing to the
centennial-scale SST variability in GCMs such as that proposed by Karnauskas et al. (2012) related to the asym-
metrical heat discharges during El Niño and La Niña events. The good agreement between the Hasselmann
prediction and the actual GCM output (Figures 4b and 4c), however, is strong evidence that the simulated
PCO arises solely from ocean integration of atmospheric noise. At a minimum, we cannot reject the null
hypothesis that this variability is purely the reddening by the ocean of stochastic noise in the form of
ENSO-related wind variability. This interpretation has critical implications for the PCO because the large
amplitude noise in the western Paciﬁc in Type 1 models results from relatively severe cold tongue extent
and ENSO biases—by consequence, the PCO is also likely to be a GCM bias.
4. Summary and Discussion
Based on boreal wintertime SST variability in the western equatorial Paciﬁc, we categorized 27 GCMs into two
groups: Type 1 and Type 2 ENSOmodels. We found that mean-state biases in Type 1 ENSOmodels are related
to an ENSO bias, which includes zonal wind variability in the western equatorial Paciﬁc that is too strong rela-
tive to observations. Critically, this large wind variability produces spurious low-frequency variability via the
Hasselmann mechanism—that is, the ocean integrates stochastic noise into low-frequency variability. The
applications of the Hasselmann model also demonstrates that predictions of whether the PCO should exist
in a real ocean or in other models can be determined based solely on their mean climatology and
ENSO characteristics.
The mean-state of each GCM is different and differences in ENSO characteristics can reﬂect anything from
random disturbances to modulation of ENSO itself from the background centennial-scale variability over
the tropical Paciﬁc (Fedorov & Philander, 2000). This leads to a familiar dilemma: Is the centennial variability
a consequence of evolving ENSO characteristics or are the ENSO characteristics themselves driven by centen-
nial variability? While the latter direction of causality may be important for some contexts, the underlying
diversity (Capotondi et al., 2015) and complexity (Timmermann et al., 2018) of ENSO across models renders
the processes by which centennial-scale variability modulate ENSO elusive.
Low-frequency climate variability can emerge internally through interactions within individual climate sub-
components or externally from variations in the solar insolation, volcanic eruptions, or changing atmospheric
greenhouse gas concentrations (Latif, 1998; Latif & Keenlyside, 2011). A recent study (Ault et al., 2013) argued
that centennial variability in CCSM4 originates as the thermodynamic response to external forcing; however,
our results instead suggest that the origin lies, at least in part, in the interaction of internal variability with the
mean-state as shown by Karnauskas et al. (2012). In fact, further analysis of historical simulations from Type 1
ENSOmodels (Figure S6) indicates a similar PCO pattern in historical runs, although the possibility of an addi-
tional response to anthropogenic forcing remains. The results presented herein not only suggest a mechan-
ism for emergent centennial-scale variability (PCO) in the GCMs but also addresses the issues posed by an
earlier study (Karnauskas et al., 2012) about the implications of the PCO. We found that the PCO is a spurious
mode of variability arising due to biases in some GCMs. Despite being unrealistic in GCMs, the possibility that
PCOmay affect initialized hindcasts, as well as future projections, is a serious one. Therefore, it is important for
climate forecasting and societal decision-making to account for this type of variability. In particular, caution
should be exercised when interpreting results from Type 1 ENSO models, especially when predicting future
climate by including these models in the multimodel ensemble. Whether a PCO exists in the real world or not
may remain a mystery for some time due to the limited duration of instrumental records and the paucity of
proxy records. Unless coupled models containing the ENSO bias featured in this study are fortuitously
enabling a more realistic source of stochastic noise, our results suggest that if centennial-scale variability is
indeed detected in records from the western Paciﬁc, it is more likely to be a response to external forcing.
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